Background and Aims: Winemaking generates a large quantity of grape marc that causes environmental and economic problems, which could be minimised by exploiting and adding value to these by-products. Marc is composed of seeds, skins and stems that are an important source of phenolic substances, which have antioxidant properties and potential benefits to human health. It is necessary to develop novel methods for assessing the composition of marc because conventional analyses are destructive and require lengthy preparation procedures and chemical reagents.
Introduction
Seeds, skins and stems of grapes have been recognised as an important source of phenolic substances, which have antioxidant properties and potential benefits for human health (Katalinic et al. 2010 , Xia et al. 2010 , Adámez et al. 2012 , Anastasiadi et al. 2012 . Winemaking generates a large quantity of grape marc (consisting of seeds, skins and stems) that causes environmental and economic problems, and therefore, alternative solutions to exploit and add value to these by-products are of interest because it would involve economic, social and environmental advantages (Devesa-Rey et al. 2011 , Pedroza et al. 2012 , Agustin-Salazar et al. 2014 .
Seeds, skins and stems of grape marc exhibit a different qualitative and quantitative profile of phenolic substances, with flavanols, flavonols and phenolic acids being the main subclasses of phenolic substances in white grape marc. The concentration of these compounds is extremely variable in marc, depending on the characteristics of the grape, the winemaking process, the time of harvest and the type of by-product.
Chemical analyses, such as liquid chromatography and spectrophotometric methods, are the most widely accepted reference methods for evaluating winemaking by-products (Fontana et al. 2013 ). These methods, however, are frequently destructive, require lengthy preparation procedures and entail large samples. Besides, the extraction of phenolic substances is the first step in chemical analysis, requiring a long extraction time and the use of solvents, such as methanol, ethanol, propanol, acetone, ethyl acetate and their mixtures with water (Bucic-Kojic et al. 2009 ).
The use of these solvents involves an economic cost and sometimes creates an environmental problem. Therefore, the replacement of these conventional analyses with new methods that are nondestructive, non-time-consuming, non-solvent-consuming and roughly reliable could be of value.
Near-infrared (NIR) hyperspectral imaging is an emerging and rapid technique that provides a fast, accurate and nondestructive way to determine chemical composition (Nicolaï et al. 2007 , Hernández-Hierro et al. 2012 and has been applied to several agricultural products and foods (Baye et al. 2006 , Gowen et al. 2007 , Sun 2010 , Cubero et al. 2011 , Shahin and Symons 2011 , Baiano et al. 2012 , Lorente et al. 2012 , Hernández-Hierro et al. 2013 ). Hyperspectral imaging is usually carried out either in the visibleshort near-infrared (vis-NIR; 400-1000 nm) or in the NIR (1000-1700 nm) spectral region (Gowen et al. 2007) , and provides a digital image containing the spectrum that belongs to each pixel.
Hyperspectral images (HSI) are a three-dimensional data matrix where the first two axes of the matrix represent the spatial coordinates, whereas the third axis portrays the spectral dimension. They are presented as a battery of images where each layer shows the reflectance at a wavelength in greyscale (Burger and Geladi 2006) . Hyperspectral images require the application of multivariate data analysis for data exploration because of the large amount of information that they generate.
In order to minimise contributions from imaging instrument responses that are not related to variations in the composition of the image sample, preprocessing of spectral data is often of vital importance if reasonable results are to be obtained from the spectral analysis step. The most frequently used methods for spectral correction are the transformation to Log (1/R) units, multiplicative scatter correction, standard normal variate (SNV) and derivation (Geladi et al. 1985 , Isaksson and Naes 1988 , Kaihara et al. 2002 , Pizarro et al. 2004 .
In contrast, spectroscopic techniques provide a large amount of data, and obtaining useful analytical information from them becomes a challenge. Because of this, it is necessary to apply multivariate statistical procedures to make the most of the data. Partial least squares regression (PLSR) is a procedure whereby a large number of independent variables (predictors) is related to one (PLSR1) or few (PLRS2) response variables (observations) when a reduced number of data are available. Because it reduces a large amount of redundant information, it is effective in spectral analysis (Lin et al. 2012, Pojic and Mastilovic 2013) . Results of the leave-one-out cross-validation or test set approaches are usually compared to corroborate the prediction model results. Performance of these prediction models is evaluated using the root mean square error of calibration and cross-validation (RMSE C and RMSECV), the coefficient of determination of calibration and cross-validation (R 2 C and R 2 CV) and number of latent variables (LV) required (Fawcett 2006) .
In the wine industry it is important to know the phenolic composition of each type of by-product in each phase of harvest to determine the biofunctional potential. Besides, it is necessary to have the data quickly and accurately in order to establish the industrial applications (pharmaceutical, cosmetic, nutritional or agricultural) and to minimise the significant environmental impact. In this context, NIR hyperspectral imaging may be an option for rapidly predicting the phenolic composition of marc, without sample destruction and reagent consumption.
The aim of this study was to evaluate the potential of using the NIR hyperspectral reflectance imaging technique as a fast and non-invasive method for the determination of phenolic substances belonging to diverse phenolic groups in winemaking by-products (seeds, skins and stems) collected at several phases of harvest. This technique has been applied to grape seeds for discriminating cultivars, estimating the date of sampling and predicting phenolic composition , but to our knowledge, this is the first time that it has been applied to predict phenolic composition of winemaking by-products.
Materials and methods Samples
Grape marc from the white grape Vitis vinifera cv. Zalema grown in the Condado de Huelva Designation of Origin (southwestern Spain) was used in this study. Grapes (including some stems) were harvested manually in 2012 and were processed for winemaking. After harvest, white wine was made by fermenting juice, prepared by pressing crushed grapes (with some stems) to extract all the juice. The juice was not allowed to stay in contact with the solid parts (grape marc). Grape marc is the main organic by-product generated from winemaking, which consists of a mixture of skins and pulp residues, seeds and stems. Grape marc samples, from grapes at four stages of maturation, were supplied by a winery located in the region; they were frozen immediately and stored until analysis.
Seeds, skins and stems were manually separated from the grape marc samples, and all samples (n = 12) were stored and further freeze-dried (lyophiliser Cryodos-80, Telstar Varian DS 102, Terrassa, Spain) for acquisition of HSI and subsequent chemical analysis. Each sample of seeds, skins and stems was divided into three parts used as replicates (n = 36).
Hyperspectral image analysis
Acquisition of HSI of freeze-dried samples was carried out as described by Rodríguez-Pulido et al. (2014) . The system comprised a Xenics XEVA-USB InGaAs camera (320 × 256 pixels; Xenics Infrared Solutions, Inc., Leuven, Belgium), a spectrograph (Specim ImSpector N17E Enhanced; Spectral Imaging Ltd, Oulu, Finland) covering the spectral range between 884 and 1717 nm (spectral resolution of 3.25 nm), two 70 W tungsten iodine halogen lamps (Prilux, Barcelona, Spain) used as light source, a mirror scanner (Spectral Imaging Ltd), and a computer system. Hyperspectral images were recorded using a 50-Hz frame rate and an exposure time of 9 ms using the instrument acquisition software SpectralDAQ 3.62 (Spectral Imaging Ltd). From the acquired HSI, it was observed that the first and the last 20 bands of the images had a high level of noise, and thus were not of value for spectral data extraction. Therefore, images were cropped to the spectral range of 950-1650 nm with a total of 215 bands.
A 'white reference' image (W, 100% reflectance) was acquired from a white Spectralon ceramic tile (Labsphere Inc., North Sutton, NH, USA), and a 'dark reference' image (B, 0% reflectance) was obtained with the light source off and the mirror scanner completely covered with its opaque cap. The white and dark 'references' HSI were used to correct the raw images (R 0) in order to obtain a relative reflectance image (R) according to the following equation:
All processes related to image and spectral analyses as well as multivariate statistical treatments were performed with the software MATLAB R2011b (The Mathworks, Natick, MA, USA).
Extraction and chemical analysis
The dry samples of seeds, skins and stems were ground to powder and then extracted with 75% methanol according to Jara-Palacios et al. (2014) . The sample (1 g) was homogenised in 5 mL of the solvent, shaken for 1 h in an incubating minishaker (VWR International, Barcelona, Spain), and further centrifuged at 4190 g for 15 min; the supernatant was collected and the residue submitted to the same process twice, and the supernatants combined. The extracts thus obtained were used for chemical analysis.
The individual phenolic substances were determined by rapid resolution liquid chromatography (RRLC) and MS (Jara-Palacios et al. 2014) . Phenolic substances were identified by their retention time, UV-VIS spectra and mass spectra, as well as by comparison with our data library and standards when available. Proanthocyanidins, trimers, tetramers and galloyl dimers were quantified with the calibration curve of catechin. Caftaric, fertaric and coutaric acids were quantified using the calibration curves of caffeic, ferulic and coumaric acids, respectively. Quercetin derivatives were quantified as quercetin and kaempferol derivatives as kaempferol.
Total flavanols, total flavonols and total phenolic acids were also estimated by summing the concentration of each individual phenolic substance identified by RRLC. Extracts were injected three times to obtain the average, and the results were expressed as milligram phenolic substances/100 g of dry mass (DM).
Results and discussion

Exploratory analysis of spectra
The HSI of samples were acquired, calibrated and segmented in order to separate the region of interest of the background. Figure 1 shows an example of a hyperspectral image for each component of marc as well as their average spectra obtained after applying log (1/R) transformation and SNV as spectral treatments. These transformations yielded the best results in the prediction models. The average spectra of seeds, skins and stems were similar, but they had different absorbance intensity along some wavelength ranges. Such likeness occurs because these three components are continuously in contact during the winemaking process. Hence, they suffer a homogenisation of composition that affects the spectra.
Before the quantitative analysis, principal component analysis (PCA) was used as an unsupervised pattern recognition technique. Using the spectra as input data of this analysis, PC1, PC2 and PC3 explained 61, 25 and 11% of the total variance, respectively (Figure 2a ). Principal component 1 had positive scores for seeds, whereas the scores for skins and stems were negative. Although the difference was weak, generally, samples of stems had higher scores than samples of skins. Figure 2a also shows how the points spread along the vertical axis (PC2). This distribution was due to the different stages of maturation of the grapes that produced the marc.
Quantitative analysis
A total of 12 flavanols, 9 flavonols and 6 phenolic acids were identified and quantified in the samples. Seeds, skins and stems exhibited a different qualitative and quantitative phenolic profile. Table 1 shows the summary of the phenolic composition for all by-products. The composition of skins, stems and seeds was statistically significantly different. The highest concentration of flavanols was found in seeds and stems (380 and 351 mg/100g DM, respectively), whereas flavonols were more abundant in skins (61 mg/100g DM) than in stems and seeds (27 and 4 mg/100g DM, respectively). In contrast, phenolic acids had the highest concentration in stems (75 mg/100g DM). The concentration of all the individual phenolic substances varied in the by-products; particularly proanthocyanidin B1, proanthocyanidin tetramer 1, proanthocyanidin B2-3-O-gallate, Proanthocyanidin B4 16.4 ± 3.4a 8.5 ± 2.0b 13.9 ± 5.0a
Proanthocyanidin trimer 1 7.0 ± 2.1a 9.4 ± 1.4a 17.0 ± 4.6b
Proanthocyanidin trimer 2 47.6 ± 15.2a 8.1 ± 1.1b 11.5 ± 2.0b
Proanthocyanidin tetramer 1 37.0 ± 4.5a 18.4 ± 4.1b 54.7 ± 20.7c
Proanthocyanidin tetramer 2 13.7 ± 1.4a 7.9 ± 3.5b 10.1 ± 3.7b
Proanthcyanidin B2-3-O-gallate 50.5 ± 10.2a 11.2 ± 2.3b 33.6 ± 10.9c
Galloyl proanthocyanidin 7.8 ± 0.4a 6.4 ± 2.5a 24.8 ± 11.3b
Total flavanols 380 ± 68a 123 ± 15b 351 ± 119a
Gallic acid 22.4 ± 6.2a 7.9 ± 8.2b 15.5 ± 13.1ab Protocatechuic acid 1.0 ± 0.2a 1.3 ± 0.6a 11.5 ± 6.6b
Caffeic acid 0.9 ± 0.2a 2.1 ± 0.1b 3.8 ± 0.5c
cis-Coutaric acid 0.53 ± 0.03a 0.77 ± 0.34b 1.18 ± 0.17c trans-Coutaric acid 0.75 ± 0.04a 0.55 ± 0.01a 2.07 ± 0.69b
Total phenolic acids 30.1 ± 6.3a 19.6 ± 8.7b 74.7 ± 14.4c
Quercetin 3-O-rutinoside 0.5 ± 0.1a 6.7 ± 1.8b 2.3 ± 1.4c
Quercetin 3-O-glucuronide 0.90 ± 0.02a 18.42 ± 5.58b n.d.
Quercetin 3-O-glucoside 1.0 ± 0.0a 20.0 ± 6.0b 17.0 ± 6.3b
Kaempferol 3-O-glucoside n.d. 7.9 ± 2.1a 2.6 ± 0.7b Quercetin 1.6 ± 0.1a 2.1 ± 0.4b 2.0 ± 0.3b Kaempferol n.d. 1.36 ± 0.02a 1.55 ± 0.06b
Total flavonols
4.0 ± 0.2a 61.2 ± 15.2b 27.3 ± 8.1c
Values in the same row followed by different letters are significantly different by ANOVA test (P < 0.05). n.d., not detected.
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caffeic and cis-coutaric acids, quercetin 3-O-rutinoside, quercetin 3-O-glucuronide and kaempferol derivatives, which showed a significant difference between seeds, skins and stems. Besides, the phenolic composition varied between the different stages of maturation for all types of by-products (data not shown). To explore more thoroughly the latent information of the chemical results, these data were subjected to another PCA. Figure 2b shows the scores for PC1 and PC2, which explained 90 and 9% of total variance, respectively. In this case, the difference among by-products was clearer than when spectral data were used as input variables. And once again, seeds were the more isolated component in this scatter plot. Due to the similarities of the latent information between both datasets, and in order to predict the chemical information from spectral data, a PLSR was performed. Results of phenolic composition were used as dependent (Y) variables and the matrix of processed spectra as the independent (X) variables in the PLSR. In order to obtain the most robust model possible, all samples were included in the PLSR model regardless of the type of by-product. The results of the prediction models for each compound are shown in Table 2 .
Regression coefficients (R 2 ) for some individual phenolic substances extracted from marc were higher than 0.9, the best results being R 2 = 0.98 for kaempferol 3-O-glucoside and kaempferol 3-O-galactoside, R 2 = 0.97 for kaempferol, and R 2 = 0.96 for epicatechin and trans-coutaric acid. In these cases, RMSECV were 0.41, 0.11, 0.02, 4.71 and 0.16 mg/100g DM, respectively, which involved an error of prediction around 13%. The results for predicting the families of compounds, that is total flavanols, total phenolic acids and total flavonols, were R 2 = 0.78, 0.87 and 0.70, respectively. The RMSECV was 66.63 mg/100g DM for total flavanols, 14.27 mg/100g DM for total flavonols and 9.61 mg/100g DM for total phenolic acids.
Conclusions
Samples of the components of grape marc were successfully evaluated by PLSR models; up to 27 individual phenolic substances were quantified in seeds, stems and skins by this method. Although freeze-drying was necessary to obtain reliable results, the technique required no reagent and no extraction, and thus was more environmentally friendly than other techniques such as chromatography. The composition of agricultural products is variable; therefore, when future samples are analysed, it will be necessary to evaluate other factors that may influence the prediction models. Therefore, a comprehensive study must be made in order to evaluate other factors, such as production area, vintage or cultivar, for the complete development of these models. Although it is not a substitute for conventional chemical analysis, it is an attractive alternative due to its speed and simplicity. By controlling all the possible variables that affect each cultivar, this could become a reference method to assess the chemical composition of grape marc for researchers, and may be useful for deciding the destination of this by-product in wineries.
